A key-predictand and key-station approach was employed in downscaling general circulation model outputs to monthly evaporation, minimum temperature (T min ) and maximum temperature (T max ) at five observation stations concurrently. T max was highly correlated (magnitudes above 0.80 at p 0.05) with evaporation and T min at each individual station, hence T max was identified as the key predictand. One station was selected as the key station, as T max at that station showed high correlations with evaporation, T min and T max at all stations. Linear regression relationships were developed between the key predictand at the key station and evaporation, T min and T max at all stations using observations. A downscaling model was developed at the key station for T max . Then, outputs of this downscaling model at the key station were introduced to the linear regression relationships to produce projections of monthly evaporation, T min and T max at all stations. This key-predictand and key-station approach was proved to be effective as the statistics of the predictands simulated by this approach were in close agreement with those of observations. This simple multi-station multivariate downscaling approach enabled the preservation of the crosscorrelation structures of each individual predictand among the stations and also the cross-correlation structures between different predictands at individual stations.
INTRODUCTION
General circulation models (GCMs) are considered as the most reliable tools available for the projection of global climate into the future (Anandhi et al. ) . These GCMs are based on the physics of the atmosphere and they project the climate hundreds of years into the future considering the greenhouse gas (GHG) concentrations in the atmosphere.
The resolution of the outputs of modern GCMs is still in the order of a few hundred kilometres (Tripathi et al. ) . This coarse spatial resolution of GCM outputs hinders their direct application at the catchment scale. This is because the climate information needed by most of the catchment scale studies is much finer in spatial resolution than that of GCM outputs. As a solution to this resolution mismatch, downscaling techniques have been developed. for the two predictands were determined using a stochastic technique. It was found that this multi-station multivariate downscaling methodology was able to reproduce the spatial and temporal characteristics of maximum temperature and minimum temperature with good accuracy. Jeong et al.
() applied the multivariate multi-linear regression (MMLR) technique for downscaling GCM outputs to daily maximum temperature and daily minimum temperature concurrently at nine stations in Canada. In that study it was found that the addition of spatially correlated random noise (randomization process) between the predictands and the stations to the deterministic time series of the predictands produced by the MMLR technique can aid in correctly reproducing the cross-correlation structures of predictands between the stations and the cross-correlation structures between the two predictands at individual stations. The MMLR technique combined with a stochastic weather generation technique was used by Jeong et al.
(b) for downscaling reanalysis outputs to daily precipitation, simultaneously at nine observation stations in Canada. In that study, it was found that the use of the sto- The majority of the existing multi-station and multistation multivariate downscaling techniques are quite complex in nature. Hence there is a need for simple yet effective multi-station and multi-station multivariate downscaling techniques (e.g. Maraun et al. ) . Unlike the complex multi-station downscaling techniques used in the previous studies, in the present study a relatively simple yet effective multi-station multivariate downscaling methodology was investigated. In the present study, a keypredictand and key-station approach was used for simultaneously downscaling GCM outputs to monthly evaporation, minimum temperature and maximum temperature at several observation stations. Using this keypredictand and key-station approach the cross-correlation structures for each predictand among the stations and also the cross-correlation structures among different predictands at individual stations can be preserved. Hence the keypredictand and key-station approach allows the plausible representation of the spatial variations of each predictand and also aids in maintaining realistic representation of the relationships among different predictands considered in a downscaling exercise. Furthermore, since downscaling models are developed only at the key stations for the key predictands, the predictor selection, calibration and validation of the downscaling models and the bias-correction have to be performed only for a limited number of predictands at a limited number of stations.
However, it should be noted that for the effective implementation of the key-predictand and key-station approach, the predictands of interest should be highly correlated (preferably magnitudes above 0.80 at p 0.05) with each other over space. If these spatial correlations are low, the overall effectiveness of this approach becomes limited.
Details of the key-predictand and key-station approach employed in this study are provided later in the paper.
Evaporation is one of the many processes responsible for the loss of water from a catchment. Temperature variations are directly influential on the changes in the evaporation, snow melt, etc. (King et al. ) . Therefore, evaporation, minimum temperature and maximum temperature were considered as the catchment scale predictands in this study. For the demonstration of the methodology, five observation stations located in the operational area of the Grampians Wimmera Mallee Water Corporation (GWMWater) in north western Victoria, Australia were considered in this study. This region contains several large water supply reservoirs which supply water to a large number of domestic and industrial users. Also this area is quite sensitive to severe droughts (Barton et al. ) . Hence, the determination of dependable point scale climatic information pertaining to likely future climate over the study area was identified as an important task.
STUDY AREA AND DATA
The study area is located in the southern region of the operational area of the GWMWater (GWMWater ). The operational area (62,000 km 2 ) of GWMWater is located in the north western part of Victoria, Australia and is shown in Figure 1 . The study area is mountainous and does not have a clear dry season (Bureau of Meteorology ) in comparison with the northern region of the operational area of the GWMWater, which is relatively flatter and persistently dry. This study area contains some important water supply reservoirs such as Lake Taylor, Lake
Lonsdale, Lake Bellfield and Rockland Reservoir, several rivers such as Wimmera River and Glenelg River and some agricultural production areas. Hence the study of impact of climate change over this area was identified as a timely need.
For the demonstration of the methodology five observation stations were considered in this study and they are shown with their latitudes and longitudes in They also argued that, a GCM which can correctly simulate precipitation should be able to simulate other climatic variables with a good degree of accuracy. Therefore, for the present study, the outputs of ECHAM5 were used. The A2 GHG emission scenario of the Intergovernmental Panel on Climate Change was used in this study as it refers to relatively higher amounts of GHGs in the atmosphere in the future. Therefore, the projections produced based on the A2 GHG emission scenario will refer to high levels of impact on the environment.
GENERIC METHODOLOGY
The procedure for application of the key-predictand and keystation approach is shown in brief in the flow chart displayed in Figure 2 . The steps shown in Figure 2 are described in detail later.
Identification of key predictands and groups
In this paper, a key predictand refers to a climatic variable (e.g. evaporation, temperature) which is highly correlated (magnitude above 0.80 at p 0.05) with other climatic variables of interest at each individual observation station, in a group of observation stations, located in a certain study area. If the study area contains only one observation station, a predictand which is highly correlated with other predictands at that station becomes the key predictand.
As a simple example consider the three predictands P 1 , together. Then at each observation station, the predictand combinations (e.g. P 1 and P 2 ; referred later in this paragraph as P 1 -P 2 ) which showed high correlations (magnitude above 0.80 at p 0.05) were identified as shown in Figure 3 . Note that in Figure 3 , high correlations were denoted with a ✓ and relatively low correlations were indicated with a ×.
Thereafter, groups of stations were identified based on the highly correlated combinations of predictands common to the stations. For example, as shown in Figure 3 , at stations and St 4 predictand combinations P 1 -P 3 and P 2 -P 3 showed high correlations. Therefore stations St 3 and St 4 were considered as group 2 (see Figure 3 ). Since predictand P 3 was common to both P 1 -P 3 and P 2 -P 3 predictand combinations, it was identified as the key predictand for group 2. In the same manner, this procedure can be extended to n (⊆ℤ þ )
number of stations and m (⊆ℤ þ ) number of predictands for the identification of key predictands and groups of observation stations.
Note that, at times, there can be one single key predictand over the entire study area, as this predictand shows high correlations with all other predictands, at all stations.
Also the maximum number of key predictands is always equal to the total number of predictands considered in the study. The maximum number of groups is also equal to the total number of predictands, as each group is governed by a key predictand.
Identification of key stations and clusters
Once the key predictands were identified, as the next step, key stations were determined over the study area. In this paper, a key station is an observation station where a key predictand (refer to previous section) is highly correlated As an example, in Figure 4 (same stations and predictands as in Figure 3 ), in group 1, if the key predictand P 2 at station St 1 showed high correlations with predictands P 1 , P 2 and P 3 (all predictands of interest) at station St 2 and relatively low correlations with those predictands at 
Intra-and inter-station regression relationships in clusters
Once the key predictands and key stations were identified, simple linear regression equations were built between the key predictands at key stations and other predictands at the key stations in all clusters using observations. These regression equations are referred to as the intra-station regression relationships in this paper. Also simple linear regression equations were developed between the key predictands at key stations and all predictands at the member stations in all clusters using observations. In this paper, these regression equations are called the inter-station regression relationships.
All simple linear regression relationships (intra-and inter-station) between the predictands were computed for each calendar month separately. This was done in order to better capture the seasonal variations in the relationships between the predictands. The first two-thirds of the observations of predictands were used for the calibration of intra-and inter-station regression relationships, while the rest of the observations were used for the validation of these relationships (derived in the calibration). In the calibration of the intra-and inter-station regression relationships, the optimum values of the coefficients and the constants of the equations were determined by minimizing the sum of squared errors between the observations and the outputs of these regression relationships.
Atmospheric domain and predictor selection
Once intra-and inter-station regression relationships were determined in each cluster, an atmospheric domain was defined over the study area. The atmospheric domain enables the inclusion of the influences of the atmospheric circulations on the catchment scale climate which is modelled by the downscaling models. The same atmospheric domain was used for the development of downscaling models at all key stations for all key predictands.
The probable predictors for the study were selected for each key predictand separately, from the past literature and based on principles of hydrology. The probable predictors were the likely predictors to influence a certain key predictand at the catchment scale. The pool of probable predictors varies from one key predictand to another. The potential predictors are subsets of probable predictors which vary seasonally and also from one key station to another. These potential predictors are the most influential predictors on a certain key predictand at a key station.
In this study, the correlations between the reanalysis data (e.g. NCEP/NCAR) of probable predictors and the observations of the key predictands at the key stations were used as the basis for the extraction of potential predictors, from the pool of probable predictors. The reanalysis data pertaining to the probable predictors, and the observations of the key predictands at key stations were split into 20 year time slices (in this study 1950-1969, 1970-1989 and 1990-2010) , in chronological order. Then, for each calendar month, the Pearson correlation coefficients between the probable predictors and the key predictand at each key station were computed for each time slice and the whole period of the study (in this study , at all grid points in the atmospheric domain. The probable predictors which showed the best correlations (p 0.05) with a key predictand at a key station, consistently, in all time slices and the whole period of the study were extracted as the potential predictors for that key predictand at that key station. The extraction of potential predictors was practised for each calendar month separately as it can yield sets of potential predictors which can reflect the seasonal variations of the atmospheric conditions. Sachindra et al.
(, a) successfully used the above procedure, for the selection of potential predictors in the development of models used for statistically downscaling NCEP/NCAR reanalysis outputs to monthly streamflows and monthly precipitation.
Development of downscaling models for key predictands at key stations
For each key predictand at each key station, downscaling models were then developed (calibrated and validated).
The first two-thirds of the reanalysis data pertaining to the potential predictors and the observations of the key predictands at key stations were used for the calibration of the downscaling models. The rest of the data were used for the validation of these models. The reanalysis data pertaining to the calibration and validation phases of the downscaling models were standardized using the means and the standard deviations of those corresponding to the calibration phase, for each calendar month separately. The means and the standard deviations of the reanalysis data pertaining to the calibration period of the downscaling models were considered as fixed components of them.
In calibration of a downscaling model for a key predictand at a key station (in a cluster), first the standardized data of the potential predictor which displayed the best cor- Development of downscaling models at a key station and a member station for a predictand not identified as a key predictand A downscaling model was developed at a key station (of a cluster) for downscaling reanalysis outputs to a predictand which was not identified as a key predictand. This was performed to assess the quality of the outputs produced by the intra-station regression relationships against the outputs of the downscaling model developed at that key station for that predictand which was not identified as a key predictand. In order to assess the quality of the outputs produced by the inter-station regression relationships, a downscaling model was built at a member station (of a cluster) for downscaling reanalysis outputs to a predictand which was not identified as a key predictand. For the development of these two downscaling models, the same procedure that was practised in building downscaling models for key predictands at key stations was adopted.
The calibration and validation of these downscaling models were performed over the same periods as those of the downscaling models developed for key predictands at key stations in each cluster. The outputs of the intra-station and inter-station regression relationships were compared with those of downscaling models, both numerically and graphically.
Projections into the future
For producing projections of catchment scale climate into the future, the outputs of a GCM (in this study ECHAM5)
pertaining to the future climate were obtained. Then these GCM outputs were standardized using the means and the standard deviations of the reanalysis outputs relevant to the calibration period of the downscaling models, for each calendar month. Thereafter these standardized GCM outputs were introduced to the downscaling models which were developed at key stations for key predictands. This way, at the key stations, the projections of the key predictands were produced into the future. The projections of the key predictands produced at key stations were then bias-corrected using the monthly bias-correction following the procedure employed in the validation of the bias-correction which was detailed in the section entitled 'Reproduction of past observations of key predictands and bias-correction'. Then these bias-corrected projections were introduced to the intra-and inter-station regression relationships for the projection of catchment scale climate into the future at all stations in each cluster in each group.
APPLICATION
The generic methodology detailed previously was used to downscale monthly GCM outputs to monthly evaporation, minimum temperature and maximum temperature at the five observation stations (see Table 1 ) located in the southern region of the operational area of GWMWater, in north western Victoria, Australia (see Figure 1) .
Identification of key predictands
For the identification of the key predictands, the correlations among the three predictands, evaporation, minimum temperature and maximum temperature, were computed at each individual station using the monthly observations of these predictands of the period 1950-2010. Table 2 shows these correlations.
According to Table 2 , at all stations all predictand combinations (e.g. evaporation -maximum temperature) showed correlations above 0.80 (p 0.05). Therefore it was realized that there are strong linear relationships between evaporation, minimum temperature and maximum temperature at all stations. Then at each individual station, the predictand which showed high correlations with all other predictands was identified. It was seen that, at all stations, maximum temperature showed the highest correlations with the other two predictands (evaporation, minimum temperature).
Hence, the maximum temperature was identified as the only key predictand and all five stations were included in one group governed by this key predictand. Furthermore, evaporation displayed consistently higher correlations with maximum temperature than with minimum temperature.
This indicated that maximum temperature is more influential than minimum temperature on evaporation.
Identification of key stations and clusters
Since maximum temperature was identified as the only key predictand, the correlations between the maximum temperature and all predictands (i.e. evaporation, minimum temperature and maximum temperature) over the period 1950-2010 were computed at all stations using observations. Office (89003) were identified as the member stations of the only cluster defined in this study. Note that in this study, both the group and the cluster referred to the same set of stations as there was only one cluster located within the only group identified. Figure 1 shows the locations of the key station and the member stations identified in this study along with some of the water resources (lakes and rivers) in the region.
Intra-and inter-station regression relationships
Following the procedure stated in the 'Generic methodology' section, intra-and inter-station regression relationships were developed (calibrated and validated). The calibration and validation of the intra-and inter-station regression relationships were performed over the periods 1950-1989 and 1990-2010 , respectively.
The intra-station regression relationships were developed at the key station 79026, between the maximum temperature (key predictand) and evaporation, and also between the maximum temperature and the minimum temperature. The inter-station regression relationships were developed between the maximum temperature at the key station 79026 and evaporation, minimum temperature and maximum temperature at each member station of the cluster. Table 4 shows the statistics of the monthly evaporation at all stations reproduced by the intra-and inter-station regression relationships built between the maximum temperature and evaporation. According to Table 4 , the intraand inter-station regression relationships were able to reproduce the average and the standard deviation of monthly 
Atmospheric domain and predictor selection
An atmospheric domain consisting of seven grid points in the longitudinal direction and six grid points in the latitudinal direction was defined over the study area. This atmospheric domain is shown in Figure 5 . In this atmospheric domain, grid points were 2.5 W apart from each other in both longitudinal and latitudinal directions. This grid resolution was maintained across the atmospheric domain in order to comply with the spatial resolution of the NCEP/NCAR reanalysis outputs. All GCM outputs used in this study were interpolated to the grid shown in Figure 5 , using the inverse distance weighted method. () were included in the pool of probable predictors Therefore the selection of probable predictors and the correction of bias have to be performed only for a few predictands at a few stations. Table 5 displays the final sets of potential predictors used in the development of the downscaling model for monthly maximum temperature at the key station 79026.
According to Table 5 , it was seen that in the majority of calendar months, air temperature at earth surface and also air temperature at various pressure levels in the atmosphere are among the potential predictors. This indicated the high degree of influence of air temperature fields on the monthly maximum temperature at the catchment scale. Other than air temperature, relative and specific humidity fields were also seen among the final sets of potential predictors used in the development of the downscaling model for monthly maximum temperature at the key station 79026. Table 6 shows the statistics of the observed monthly maximum temperature and those of model reproduced monthly maximum temperature for the calibration and validation periods of the downscaling model at key station 79026. As seen in Table 6 , the average, the standard devi- Table 7 .
According to Table 7 , it was seen that the mismatches between the average, the standard deviation and the maxi- It was concluded that in the future the evaporation, minimum and maximum temperature will tend to increase across the study area and hence the future climate in the study area will be dryer and warmer. Furthermore, the fluctuations in these predictands are also likely to increase with the rising GHGs.
According to median estimates obtained from the raw outputs of a number of GCMs, the Victorian Government 
SUMMARY AND CONCLUSIONS
Statistical downscaling of GCM outputs to monthly evaporation, minimum temperature and maximum temperature was performed using a key-predictand and key-station approach at five observation stations located in north wes- The following conclusions were drawn from this study:
1. The correlations between the evaporation and the maximum temperature were consistently higher than those between the evaporation and the minimum temperature at each individual station. Therefore it was realized that the maximum temperature is more influential than the minimum temperature on evaporation.
2. The key-predictand and key-station approach was proved to be a simple yet effective methodology for downscaling 
